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Mobile technologies have a tremendous impact on the lives of people across the globe (Katz, 2008) . 25 Mobile technologies can offer increased productivity, independence, ability to contact others, 26 flexible coordination, connectedness, interpersonal relationships and new ways to express emotions 27 and feelings (Jarvenpaa et al., 2003) . Ultimately, mobile technologies even change how people 28 perceive time, space and social context (Arnold, 2003) . Mobile technologies can also negatively affect 29 users, for instance leading to social inclusion (Geser, 2006) , addiction (Walsh et al., 2008) , 30 enslavement and dependence (Järvenpää and Lang, 2005) , or cyberbullying. Forming productive 31 habits regarding mobile technologies takes time and requires longer periods of use (Srivastava, 32 2005 ICTs as people try to find a place for new technologies in everyday live" (Loos et al, 2008, 1 p.1).Therefore we analyse how different dimensions of domestication can be related to the use of 2 different types of smartphone applications. In terms of domestication literature, we focus on 3 practical operationalization of core concepts rather than symbolic meanings, on individuals rather 4 than households, and on embedding in daily life routines (Keen& Mackintosh, 2001 ), rather than on 5 societal implications (Ling, 2004 (Ling, , 2008 Oksman and Turtiainen, 2004 ). 6 7
We adopt an innovative quantitative mixed-method approach. To measure the use of mobile 8 applications, we collect log data directly from the smartphone of 233 Dutch consumers. Log data is 9 to be preferred over self-reports of mobile application usage, which tends to be biased due to 10 unsystematic misestimation (Boase and Ling, 2013 ; De Reuver and Bouwman, 2014; Kobayashi and 11 Boase, 2012) . By installing a background application on the users' smartphone, a direct measurement 12 on how users deal with devices and mobile applications can be performed (Verkasalo, 2008; 13 Verkasalo, 2007 ). The background application enables one to unobtrusively log and record users' 14 activities and gain insights into user-device relationship. The unobtrusive nature of the background 15 application is related to the fact that the user is conscious, but not aware of the data being collected. 16 The log data contains detailed information regarding time, duration and type of mobile applications, 17 as well as whether the application was preinstalled in the smartphone or downloaded by the user. (Haddon, 2003) . During the process of domestication, 37 dimensions like appropriation (i.e., purchasing the technology), objectification (i.e., using the 38 technology and exploring basic functionalities), incorporation (i.e., giving the technology a place in 39 daily routines and making it functional) and conversion (i.e., displaying the technology to the outside 40 world) are core (Silverstone et al., 1992 ). 41 42
Early work on domestication considers the household as unit of analysis (Silverstone et al., 1992) . 43 However, later domestication studies take the individual consumer as unit analysis, who may or may 44 not be within the boundaries of the home (Haddon, 2003 (Haddon, , 2007 share and seek information which in turn in the context of domestication theory, these actions 49 resemble the conversion phase of the domestication process. Moreover, using smartphones as an 50 instrument to seek for information irrespective of the time and place has become an integrated part 51 of individual's life, especially among younger generations (Bertel, 2013) . This is agreed upon by 52 Damásio et al. (2013) The second dimension of domestication process that follows temporary on the appropriation of the 28 device, is the objectification dimension. This dimension relates to how individuals start to explore 29 basic functionalities that are preinstalled on smartphones and adjust setting. Such native applications 30 include telephony, messaging, cameras and alarm clocks. Typically, navigation, browsing, email and 31 calendar applications are also preinstalled in smartphones. Individuals learn how to deal with these 32 applications specifically the built-in features and functionalities. We assume that using these native 33 applications helps individuals to fit the smartphone into their daily life routines. We use the concept 34 of daily life routines as proposed by Keen & Mackintosh (2001 Across different dimensions, their study shows major differences between application categories of 6 communication (i.e., instant messaging, voice-telephony, and email), information (i.e., search, news, 7
weather and browsing applications), entertainment (i.e., music, video, and gaming), and transactions 8 (i.e., payment, ticketing, and banking). In this paper, we omit transaction services since current 9 adoption levels are still low. However, we do specify the generic hypothesis H3 to reflect the 10 differences between mobile service categories. was sent to the persons in the sample inviting them to participate in the study. The initial 39 questionnaire extensively explained how log data on smartphones would be collected, stored and 40 analysed in the study, as well as how privacy would be guaranteed (Bouwman et al., 2013) . As the 41 first round of recruiting did not lead to sufficient response of smartphone users, the procedure was 42 repeated but only including the subset of respondents that were known to possess a smartphone. 43 Finally, in order to increase the number of participants in the research, in a third recruiting round, 44 panellists who participated in an earlier pre-test based study were also approached to participate. A 45 multi-group analysis on the final model in Figure 5 , shows no significant differences across the three 46 recruitment groups with regard to measurement weights (χ 2 D (2) = .082, p = .960), measurement 47 intercepts (χ 2 D (3) = .1.575, p = .665) and structural weights (χ 2 D (14) = 18, p = .189). 48 49 After data cleaning for partial non-response, the three rounds of recruitment resulted in data from 50 1653 persons that filled in the initial questionnaire, out of which 519 (31%) were willing to 51 participate in the study. A large part of the smartphone users refused to participate (59%). Of the 52 reasons for non-participation provided, the core reason was privacy (by 16% of the respondents). For 1 15% of the respondents the reasons were related to typical non-response reasons, such as holidays, 2 sickness and travelling abroad. Technical reasons were mentioned by 2% of the respondents, and 3% 3 indicated their employer would not allow them to download apps on their phones. Other reasons 4 (23%) provided included low usage of the smartphone and no experience or cognitive capabilities to 5 install applications on their smartphone. 6 7
Although, 519 respondents initially indicated that they were willing to participate in the study, only a 8 part of them downloaded and installed the application (369). Of those, 233 respondents participated 9
for the full four weeks of the study. Reasons to drop out during the study were related to technical 10 problems, like battery drainage and reduced performance of the phone. Some respondents dropped 11 out because they upgraded to a new version of their operating system or due to travelling abroad, 12 and so on. Sample characteristics are given in Table 1 Mobile. The measurement application runs on the background of the mobile phone, and transmits 8 log files to the server on a daily basis. The application can be downloaded from the regular app-9 stores. Participants were already fully aware of the types of activities and events being logged 10 unobtrusively, as became apparent from an evaluative questionnaire after the study period. and time, and duration in which it is displayed on the foreground of the device. The software 25 classifies applications into specific types using automated content analysis. The researchers manually 26 checked and verified the most frequently used applications and found no errors. Of the application 27 sessions, the software could not log 15% code automatically. These sessions are omitted from further 28 analysis. Elimination of those sessions from the analyses did not influence the research results, as 29 they were dispersed across a highly diverse set of applications. In the paper, we include the 30 application types that were used at least once by at least 10% of the participants, for instance VOIP 31 did not reach this cut-off point. SMS was not included in the analyses due to two reasons: (i) the high 32 usage of SMS in various contexts is already a well-known fact (Naughton, 2014; Gerpott and Thomas, 33 2014; Ho, 2012) and (ii) technical issues e.g., the measurement of SMS is not possible for iPhones. 34 The twelve application types included in the study are provided in Table 2.  35  36 Use of mobile application types is operationalized into two distinct metrics. First, we consider the 37 intensity of use, defined as the average number of minutes spent on that type of application per day. 38
We measure intensity of use by calculating the average number of minutes an application type is 1 shown on the foreground of the mobile device. Second, we consider the frequency of use, defined as 2 the average number of usage sessions for that type of application per day. A usage session is defined 3 here as the event of launching an application, either after having been idle for at least ten seconds or 4 after having used an application of a different type. 5 6
Descriptive statistics for both metrics per application type are given in Figure 1 . Instant messaging, 7 social networking, gaming and email applications are most frequently (i.e., number of sessions) used. 8 Most intensively used are gaming, instant messaging, social networking, browsing applications and 9 voice telephony. There is wide variation in how often applications are being used. Especially gaming, 10 instant messaging and browsing have high standard deviations compared to the means. One 11 participant launches instant messaging applications as much as 95 times a day on average and 12 another participant uses gaming applications for over two hours on an average day. To deal with 13 such severe non-normality and reduce the impact of outliers, we transform all metrics using a 14 logarithmic transformation. Figure 1 also shows whether application types are typically used through downloaded or native apps. 23 As shown in Figure 1 Voice-telephony and browsing are predominantly used through native 24 applications and easy to accept and to familiarize with, thus representing the objectification 25 dimension. Maps/navigation and email are used both through native and downloaded applications, 26 and are thus on the edge between the objectification and incorporation.. News/information, search, 27 online music, gaming and online video are all used through downloaded applications. So the 28 necessary changing of functionalities is typical for the incorporation dimension. by and on behalf of domestic users" (p. 60). All items were measured using 7-point Likert scale from 3 "Strongly disagree" to "Strongly agree". Respondents answered the scales before installing the 4 logging application. Table 3 shows the results of confirmatory factor analysis, which exhibits 5 acceptable convergent validity and composite reliability. 6 7 Hypothesis H1 is therefore supported, except for the effect of gender, which was not significant. 35
Appropriation of smartphones thus starts with the young, more affluent and higher educated. 36 37
Next, we test hypotheses H2, H3 and H4 through structural equation modelling using SPSS AMOS as 38 an analysing tool. It is striking that instant messaging / chat has the biggest effect on daily life routines, followed by 44 social network and gaming. Frequency of use of search applications has a negative effect: apparently, 45 using search applications more frequently makes it difficult to fit smartphones to daily life routines. 46
Possible explanation might be that search via smartphone is cumbersome. variance is moderate (30%). All path weights are relatively small. Especially the duration of 8 communication services has a significant effect on daily life routines. 9 10
The more time spent on voice-telephony, instant messaging and social networking, the more 11 smartphone usage has an impact on daily life routines. Also time spent on information services like 12 browsing and search have a significant effect, although news, maps and productivity tools do not. 13
Entertainment services are not significant, except for online video, which, strikingly, has a negative 14 effect on daily life routines. Effect of intensity of use on daily life routines -results of structural regression model (* p<.05).
4 5 Next, we examine the relative importance of intensity and frequency of use metrics by constructing a 6 combined model. In order to obtain a parsimonious model that suits the moderately sized sample, 7
we only include those application types that had a significant effect in Figure 2 or 3.
The combined model is provided in Figure 4 , and shows high fit: χ 2 (34) = 27.873, p = .761, NFI = .985, 10 TLI = 1.017, CFI = 1.000, RMSEA = .000. Explained variance is substantially higher than in the 11 individual models: 39%. effect size of voice telephony has increased with about 50% to .308. 10 11
Overall, frequency of use metrics has a higher total effect size than intensity of use metrics. Counting 12 the number of times an application is launched thus has a higher predictive power than counting the 13 number of minutes spent on the application. However, explained variance of the combined model is 14 higher than that of the model that solely includes frequency of use metrics. Moreover, intensity of 15 use metrics related to online video, search and voice-telephony are still significant in the combined 16 model. As such, measuring both the intensity and frequency of use has the highest explanatory 17 power for the effect of smartphones on daily life routines. 18 19 The hypothesis with regard to objectification of basic functionalities as provided by native 20 applications is conformed, but limited to the frequency and use of voice-telephony, and frequency of 21 emailing. The hypothesis on incorporation is also confirmed but mainly for frequency and intensity of search 1 functionality. Only some information applications affect daily life routines positively (i.e., search), but 2 others do not have an effect (i.e., News, Maps and navigation, productivity). 3 4
H3a: Use of downloaded mobile information applications contributes positively to daily life routines 5 -SUPPORTED 6 7
Entertainment applications have no effect on daily life routines (i.e., gaming, music). Online video 8 plays a rather unclear role here. We will come back to this in the discussion. 34 The mixed method approach adopted in this paper is a unique and alternative contribution to the 35 typical qualitative approach of domestication theory. We combine log data on actual usage levels 36 which omits the typical measurement error in self-reports due to recall accuracy and social 37 desirability. Moreover, we avoid the risk of common method bias that is common in typical survey 38 studies. At the same time, big data or predictive analytics studies that solely rely on log data on usage 39 levels typically miss the subtle effects that usage may have on people. This study shows that the 40 observed usage levels do not correlate one-on-one with the effect on daily routines of people. 41 Combining survey and log data will provide major opportunities for future research on 42 domestication, in classes of applications as well as in individual usage. 43 44
At more methodological level, we contribute to domestication literature on mobile technologies 45 (Haddon, 2007) by adopting a quantitative approach. The merits of quantitative approaches to 46 domestication have been discussed previously (Haddon, 2007) , but the few quantitative studies that 47 exist are typically descriptive in nature (Pedersen and Ling, 2003) . We show how a quantitative 48 approach that combines multiple sources of data can be used in an explanatory fashion. Overall, the 49 methodology employed in this study has the potential to counter typical critique on domestication 50 literature for being descriptive and non-replicable in nature. 51 52
Future studies on domestication of smartphones should distinguish the different classes of mobile 1 applications, as this study shows that they affect daily life routines differently. Moreover, we argue 2 that future studies should consider not only the time spent on mobile applications (i.e., intensity of 3 use) but also the number of times a user launches applications (i.e., frequency of use), as both affect 4 daily life routines differently. 5 6
While the sample in this study is representative of the Dutch population for most of the core 7 demographic variables, it is not representative on some other variables or on combinations of 8 characteristics. The sample used cannot be used to make detailed analyses for specific sub samples. 9 Another limitation is that SMS could not be included in the analysis as it cannot be measured on 10 iPhones. We want to point out that such technical issues are hard to avoid in a log data study. 11
Arguably texting is one of the most central function of mobile phones (Lenhart, 2012), and has 12 sustained to be an important form of mediation. Since SMS can substitute short calls, it may play into 13 an eventual explanation of the role of short calls for people who have a lot of coordination tasks. 14 New over-the-top services offer similar functionality and are moving into this space, as the success of 15
WhatsApp, SnapChat and Instagram (Dugan, 2013) illustrates and is confirmed if we look to the role 16 of instant messaging in this paper. 17 18 We are aware that a four week study is a short time to understand processes that are longitudinal in 19 nature. However we see this study as a first that can be repeated with a panel design. We are aware 20 that in order to truly investigate how applications 'affect' our daily life, 'how consumers fit their 21 smartphones to their routines' or to 'systematically compare different application types' a more 22 longitudinal study would give deeper insights. We see our quantitative study as complementary to 23 more in-depth qualitative studies on domestication. 24 25
Future research could take a more fine-grained understanding of domestication. Both quantitative 26 and qualitative methods could be applied. Various mediating constructs could be included in future 27 studies. Enjoyment, perceived value and technological affordance may be added to our model to add 28 understanding why the use of applications contributes to daily life routines. More explicit attention 29 for use context in a broader sense is also relevant to explain the impact of mobile applications on 30 activities and performance (Gebauer et al., 2004) . Specifically for communication services, maturity 31 of the relation with significant others as well as the impact on group processes could be taken into 32 account (Zigurs and Buckland, 1998) . Similarly, the interaction of mobile applications usage in 33 organizational life as well as the interaction between private and organizational life, could be 34 researched in more detail (Schlosser, 
